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While the application of crowdsourcing has increased over the years, the technology
experiences various issues during implementation. Examples of some of the issues that af-
fect crowdsourcing include task assignment, profit maximizations, as well as time window
issues. In some instances addressing some of the issues results in the other issues being
overlooked. An example is when assigning tasks to workers, the profits of the workers
might not be considered and this ends up affecting the profit maximization aspect. Various
algorithms have been proposed to address the task assignment, profit maximizations, and
time window issues. However, these algorithms address the issues individually and this
results in the occurrence of the other noted issues. Therefore, this calls for the definition
of a solution to address the task assignment issue while taking into consideration the time
window issue and the minimum wage constraint. Additionally, the solution should address
the profit maximization of not only the workers but also the platform and the clients of the
platform. To evaluate the efficiency of the proposed solution, a comparison with the differ-
ent implemented solutions to address individual issues is recommended. Comparing such
solutions can provide insight into the efficiency of the proposed approach when addressing
multiple issues affecting crowdsourcing.
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Figure 1.1: Crowdsensing Concept
Crowdsourcing, which can also be referred to as mobile crowdsensing, involves the use
of mobile devices including smartphones, wearables, and even tablets to collect and share
information concerning specific incidents. Mobile crowdsensing takes advantage of the
current developments in mobile devices that include an increase in the sensing capabilities
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of the mobile devices as well as the processing power and communication capabilities of
the devices (Boubiche, Imran, Maqsood, & Shoaib, 2019). Crowdsourcing involves the
recruitment of a group of individuals with mobile devices that have various sensing ca-
pabilities to perform the required sensing assignments at the specified locations. Taking
into consideration the mobile application Uber, the aspect of crowdsourcing is noted in the
collection of data from the workers, which is then used to perform tasks such as pairing
clients with the available drivers. An example of this is the use of the Global Position Sys-
tem to collect information concerning the routes taken by the Uber drivers after which the
most efficient route for the drivers is determined. The implementation of crowdsourcing
experiences various challenges concerning the assignment of tasks, profit maximization,
and even time window. Additionally, when addressing the different issues associated with
crowdsourcing, the aspect of a minimum wage has to be considered. The aspect of mini-
mum wage allows for the profit maximization of the platform as well as ensuring that the
profit of each worker is maximized while taking into consideration the profit maximization
of the platform.
On the issue of task assignment Li, Zhu, and Cui (2019) note that the task assign-
ment problem arises when workers are assigned tasks based on their proximity with the
tasks without taking into consideration aspects such as the possible changes in the loca-
tions of the workers or even the tasks. Considering the example of the mobile application
Uber, assignment of tasks based on proximity prevents other drivers from being allocated
tasks and this prevents both the platform and the workers from profiting from the aspect
of a minimum wage. Some of the algorithms used to address the issue of task assign-
ments include participatory-sensing-based mechanisms as well as opportunistic-sensing-
based mechanisms (Gong, Zhang, & Li, 2018b). Considering the mobile application Uber,
the participatory sensing mechanism involves the workers moving to the appropriate lo-
cations where the tasks are required while in the opportunistic sensing mechanism the re-
quirements for the workers to change their trajectory behavior is not required, hence, they
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can perform the tasks when they get to an area where the tasks are available (Gong, Zhang,
& Li, 2018). The application of crowdsourcing in Uber can involve the determination of
the various aspects that contribute to profit maximization. In the case of Uber, the issue
of profit maximization involves the maximization of the profits for not only the drivers but
also the Uber platform as well as the clients of the platform. This aspect of achieving op-
timal profit is prevented by various aspects such as the complicated allocation of requests
from mobile devices (Han & Zhu, 2014). Profit maximization for both workers and the
platform can be prevented by the lack of definition of the minimum wage. The definition
of the minimum wage for the workers allows each worker to contribute to the platform’s
profits and in the process allow each worker to earn from the platform. An example of this
is noted in a package delivery application, where while one worker is capable of deliver-
ing all the packages, this would maximize the profits of the platform, but not for the other
workers on the platform. Hence, the requirement for the definition of a minimum wage that
would allow other workers to deliver the packages.
Similar to the occurrence of task assignment issues, and profit maximization issues,
crowdsourcing can also experience issues concerning time window management. Accord-
ing to Chen, Cheng, Zeng, and Chen (2019), that aspect of crowdsourcing applications
such as Uber focusing on the task assignment issue result in the issue of task assignment
delay occurring and this is an example of the issues associated with the time window issue.
An illustration of the time window issue is noted in the delay that an Uber client has to wait
until the Uber platform assigns a worker to pick up the client.
The concept of crowdsourcing involves the collection of data that can be used to per-
form different tasks. The processes involved in crowdsourcing can experience various chal-
lenges when assigning tasks, when maximizing the profits, and when managing time. Vari-
ous algorithms such as the prediction based model, profit optimal online control algorithm,
and the nearest neighbor heuristic algorithm can be used to address the issues involved in
the various activities of crowdsensing. Tao and Song (2020) address the issue presented by
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task assignment, as well as the profit maximization of the crowdsourcing platforms. How-
ever, Tao and Song (2020) fail to address the profit maximization of the workers as well as
that of the clients. Similarly, Sun et al. (2019) address the issues of task allocation, and
the profit maximization of the workers. However, the issue of profit maximization for the
platform and the clients is not addressed.
Chapter 2
Literature Review
This chapter evaluates past literature of the used approaches to address the aforemen-
tioned issues in the crowdsourcing:
2.1 Task Assignment
A problem noted in the crowdsourcing technology that can reduce the efficiency of the
activities performed during crowdsourcing includes the allocation of tasks to the workers.
The aspect of task assignment in crowdsourcing involves the identification of the appropri-
ate workers that can perform the available tasks in the crowdsourcing platform. During task
assignment one of the aspects considered involves the minimum wage. The minimum wage
involves a defined cost that would ensure that both the platform and the workers achieve
maximum profits from the available tasks in the crowdsourcing platform. Similarly, other
issues such as the maximization of profit and even the time window issue have to be con-
sidered when addressing the task allocation aspect of crowdsourcing. According to Tao and
Song (2020), the issue of task allocation in mobile crowdsensing can be defined as being
NP-hard. For an NP-hard problem, the implementation of a greedy algorithm such as the
algorithm proposed by Wang, Wang, Wang, Zhang, & Kong (2018) can be used to address
5
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the problem. Tao and Song (2020), on the other hand, note the presence of different con-
straints and propose the use of a double deep Q-network (DDQN). The application of deep
reinforcement learning through DDQN results in better task allocation when compared to
other algorithms such as greedy and ACS-based solutions (Tao & Song, 2020).
A shortcoming in the task allocation aspect of traditional algorithms used in mobile
crowdsensing involved the algorithms not taking into consideration the changes in the lo-
cation of the worker as well as location change for the tasks (Li, Zhu, & Cui, 2019). One
of the approaches proposed to address the issue of task allocation includes the use of a
prediction-based approach. In the prediction-based model proposed by Li, Zhu, and Cui
(2019) the semi-Markov model is applied. This involves initially estimating the location
of both workers and tasks before taking into consideration the time constraint. After ad-
dressing the time constraint, the appropriate tasks are then allocated to the the available
workers and using of the semi-Markov model also results in the lowest traveling costs for
the workers being considered (Li, Zhu, & Cui, 2019). Similarly, (Hu, Wang, Wu, & Helal,
2020) take into consideration the possible changes in the location of the workers, which can
impact the task allocation aspect in mobile crowdsensing. The proposed novel framework
by Hu, Wang, Wu, and Helal (2020) addresses task allocation issues through reinforcement
learning while taking into consideration the noted challenges such as the location change
of the worker.
Other algorithms that are used to ensure that the allocation of tasks is optimal include
greedy algorithms and the divide-and-conquer algorithms. According to (J. Wang, Wang,
Wang, Zhang, & Kong, 2018), the greedy algorithm involves the selection of the best choice
until a stopping standard is reached. An example of a stopping standard is when the loca-
tion of the Uber driver is not within the location of the tasks. Similarly, taking into consid-
eration the profit maximization of the platform, the greedy algorithm can match workers
with the tasks that are likely to result in the highest profits for the platform while ensuring
that the worker will be paid the lowest price (Tao & Song, 2020). Another issue encoun-
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tered when performing task assignment activities in mobile crowdsensing includes the time
delay during the assignment process. To address the delay issue during the task allocation
Chen, Cheng, Zeng, and Chen (2019) propose the threshold-based greedy algorithm, which
matches a worker with the least travel time to a task, as well as the batch-based algorithm
that buffers workers and tasks before matching workers to tasks from the previous batch.
While addressing the aspect of time in task allocation, Cheng, Lian, Chen, and Shahabi
(2017), note that some of the task allocation approaches do not address the aspect of future
tasks and workers. To address this issue, the maximum quality task allocation (MQA) is
proposed. The MQA involves two algorithms, which include the greedy algorithm as well
as the algorithm that applies the divide-and-conquer approach. The divide-and-conquer al-
gorithm involves the division of the issues into units that can be solved (Cheng, Lian, Chen,
& Shahabi, 2017).
In some applications of mobile crowdsensing such as package delivery, the completion
of tasks by a single worker is possible but not the most efficient method that can result in the
profit maximization of the platform. Additionally, due to the requirement of a minimum
wage, the allocation of all the activities to a single worker prevents other workers from
profiting from the available tasks. This issue that exists due to the requirement for multiple
workers to work collaboratively to perform different tasks in the crowdsourcing platform
is addressed by Song et al. (2020). Apart from addressing the issue of allocating tasks to
multiple workers in the platform, (Song, Xu, Li, Li, & Tong, 2020) note the aspect of task
allocation to workers in real-time as both the workers and the tasks become available in the
crowdsourcing platform.
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Figure 2.1: Locations of Workers and Tasks
To address the issue presented by the offline task allocation solutions, Song et al. (2020)
provide an example involving different workers and different tasks. As indicated in the
provided example, both the the available tasks and the available workers arrive and leave
at different durations. During this duration, the task allocation process is noted to require
updates as the workers and tasks arrive and leave. This addresses the issue of offline task
allocation solutions that are static and do not take into consideration the aspect of tasks
and workers being available during different durations. Since waiting for all the tasks
and workers to be available on the crowdsourcing platform is not possible, then the task
allocation process has to be conducted based on the available data concerning the workers
and the tasks as they arrive on the crowdsourcing platform.
Furthermore: to address the issue of task allocation, Song et al. (2020) propose the use
of the Online-Exact algorithm and the Online-Greedy algorithm and proceed to analyze the
execution of both algorithms. In Online-Exact algorithm, the identification of the optimal
allocation for the workers as well as the tasks that are available on the crowdsourcing plat-
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form. The Online-Greedy algorithm considers the occupation of workers and the profits
obtained from performing a task when determining the appropriate allocation for the work-
ers and the tasks. One of the essential issues addressed by Song et al. (2020) is the issue of
the proposed solutions not being practical in real-world applications. This issue is seen in
the Online-Exact algorithm proposed by Song et al. (2020).
Another issue that is likely to arise in mobile crowdsensing involving the task allocation
process is that the worker might choose not to accept to perform the allocated tasks. Most
task allocation solutions use various algorithms to determine the most appropriate worker
to work on the specific tasks while taking into consideration the minimum wage of the
workers and the profit maximization of both workers and the platforms. While these solu-
tions aim at ensuring that the most appropriate worker is assigned to a specific task, Hassan
and Curry (2014) note that the worker might choose not to accept the task. An example
of this is seen when some package delivery drivers opt not to accept the package delivery
tasks for specific locations. To address this issue, Hassan and Curry (2014) propose the
implementation of the Individualized Models for Intelligent Routing of Tasks (IMIRT) that
aims at ensuring that the amount of the tasks that are assigned to the workers are maximized
successfully. This involves identifying the appropriate workers that are more plausible to
work on the allocated tasks. The proposed IMIRT framework, after the arrival of the tasks,
information concerning the worker is used to identify the acceptance rate of the tasks by
the workers and determines the worker that is likely to result in the success of the task
allocation (Hassan & Curry, 2014).
2.2 Profit Maximization
When addressing the profit maximization of crowdsourcing, two of the parties to con-
sider include the platform and the workers. This means that the allocation of the tasks
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should ensure that the allocation of the tasks results in maximum profits for the platform
as well as for the workers. Some of the algorithms used to address the issue of profit
maximization include the random online control algorithm and the greedy online control
algorithm as well as the profit optimal online control algorithm (POC), which uses the
Lyapunov optimization technique, proposed by Han and Zhu (2014). In the random on-
line control algorithm, the control decisions are randomized while the dispatching control
makes use of the dispatch to the shortest queue strategy. The greedy online control algo-
rithm also makes use of the dispatch to the shortest queue strategy while at the same time
employing greedy control decisions. The proposed profit optimal online control algorithm
makes independent control decisions and this results in better profit maximization when
contrasted with the greedy online control algorithm as well as the random online control
algorithm (Han & Zhu, 2014).
One of the ways to ensure the platform gains maximum profits includes the reduction
of the storage costs paid by the mobile crowdsensing platform. To reduce the storage costs,
Wang, Luan, Yang, and Wu (2019) propose the implementation of the edge-based mobile
crowdsensing architecture that involves the execution of another layer between the cloud
server and the diffeerent users. In traditional crowdsourcing architecture, the cloud server
performs various data processing and storage activities. The introduction of another layer
between the users and the cloud server means that the new layer would be responsible
for addressing the data storage and processing (E. Wang, Luan, Yang, & Wu, 2019). In
some applications of crowdsourcing, the workers are responsible for choosing the tasks
they would like to perform. In some instances when the workers choose the tasks they
would like to perform, they end up choosing tasks that do not maximize their profits. To
address this shortcoming, Deng, Shahabi, and Demiryurek (2013) propose an approach that
ensures that the worker achieves maximum profits from the tasks they choose. Some of the
approaches included in the proposed approach include the branch-and-bound algorithm and
the least expiration time heuristic (LEH) (Deng, Shahabi, & Demiryurek, 2013).
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Taking into consideration the issue of profit maximization the application of the ACS-
based solution can be applied to ensure maximum profit for the platform (Tao & Song,
2020). On the aspect of the profit maximization for the platform, Han and Zhu (2014) note
the various challenges that face the profit maximization for the platform. These challenges
involve the arrival of the tasks and the dynamic participation of the workers. Unlike the
prediction-based approach that addresses future workers and tasks, the proposed online
control framework based on stochastic Lyapunov optimization does not require any knowl-
edge of future patterns to ensure maximum profits for the platform (Han & Zhu, 2014).
According to (Silberman et al., 2018), the rewards offered to the participants that perform
the crowdsourcing activities are the main motivator for the participants. Therefore, Silber-
man (2018) proposes that the different crowdsourcing platforms should pay the workers
minimum incomes. In some cases, the workers who perform crowdsourcing activities rely
on the tasks as the main source of income. Therefore, Silberman (2019) notes that they
should be compensated similarly to other workers in different professions.
To get users that are willing to participate in the crowdsourcing activities, a platform has
to take various aspects into consideration. One of these aspects involves the rewards that are
offered to the workers who agree to participate in the process. An example of this is Uber
drivers or package delivery drivers are more willing to participate in the crowdsourcing ac-
tivities when there are rewards to be obtained following their participation. This aspect of
workers requiring payment to participate in the crowdsourcing activities is noted by (Zhan,
Xia, Zhang, & Wang, 2017) who state that the use of credits can be essential in motivating
workers to perform the crowdsourcing activities. The aspect of paying the workers who
agree to participate in the required activities is echoed by (W. Liu, Yang, Wang, & Wu,
2020). In their article Liu et al. (2020) introduce the aspect of the recruitment budget that
limits the rewards that can be offered to those that participate in the crowdsourcing activi-
ties. To ensure that the platform achieves maximum profits, the workers that are recruited
for the noted activities are required to provide maximum contribution while at the same
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cost the least amount to the platform ( Liu et al., 2020). An aspect to note while choosing
the workers that cost the least to the platform while providing maximum contribution is
the aspect of time delay and the issue of recruitment budget. Li et al. (2020) note that
when addressing the issue of budget constraints, some of the proposed solutions choose to
address the issue by dividing the budget into different stages and using the assigned sub-
budgets to recruit the workers. This presents the issue of not addressing time constraints
while addressing budget constraints. To address the noted issues, Li et al. (2020) propose a
solution that takes into consideration both the recruitment budget and the time constraints.
This is achieved by using historical data to identify the potential number of participating
workers then identifying the workers that contributed the most to the profits of the platform
while remaining under the budget constraint that is defined. This is conducted offline and
the online process takes into consideration the worker information obtained from the offline
process to conduct the recruitment process (Liu et al., 2020).
Furthermore, the issue of profit maximization in mobile crowdsensing can include
achieving the maximum profits for the platform or even the users. Some of the noted
solutions that are proposed to address the issues of profit maximization in a crowdsourcing
platform make use of the historical data that is analyzed when offline to identify the best
practices to implement. To address the issue of profit maximization, (H. Liu et al., 2013)
propose the utilization of the 3G budget that is used during the crowdsourcing activities.
This utilization of the budget is conducted through the implementation of an online rather
than an offline solution that takes into consideration the historical data of the participants.
While the offline solution is used by some of the proposed solutions to address the issue
of profit maximization, other proposed solutions adopt a prediction-based approach to ad-
dress the issue. An example of this is noted by Han and Zhu (2014) who state that the
applicability of the prediction-based approaches depends on the accuracy of the proposed
prediction-based algorithm.
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2.3 Time Window
In the crowdsourcing, most of the proposed algorithms to allocate the different available
tasks to the available workers only take into consideration the workers and tasks that are
available within the given duration. An example of this is seen in the mobile application
Uber, where different tasks are required at different durations and workers are available at
different durations. Figure 2.2 illustrates this example:
Figure 2.2: Time Window Example
In the provided example, task 1 is available at the same time as worker 1, task 2 is
available at the same time as worker 2, and task 3 is available at the same time as worker
3. Therefore, the task allocation process includes assigning the first task to the first worker,
the second task to the second worker, and the third task to the third worker. The allocation
of tasks to the workers in the provided scenario results in different time durations for the
workers. This causes a time delay issue. As noted in the scenario, allocation of the first
task to the second worker, the second task to the third worker, and the third task to the first
worker reduce the respective durations to only four minutes for each worker. Taking into
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consideration the mobile application Uber, then the reduction in the duration between the
workers and the tasks results in the reduction in the duration that the clients have to wait
for the arrival of the Uber driver. One of the issues associated with the allocation process
noted above is the availability of workers and tasks. As noted, the workers and the tasks
are available at different duration, and this results in the available tasks being allocated
to the available workers. According to Cheng, Lian, Chen, and Shahabi (2017), the tra-
ditional spatial crowdsourcing approaches only take into consideration the available tasks
and workers at a given instance and when other workers and tasks are available, the result
is increased waiting duration as well as the traveling costs. To address this time window
shortcoming, Cheng, Lian, Chen, and Shahabi (2017) propose a Maximum Quality Task
Assignment (MQA) solution that takes into consideration the movement of the workers to
allocate tasks to workers across different time instances. In the proposed MQA solution,
the aspect of workers moving around as well as the availability of activities that need to
be performed before a specific duration expires are considered. The proposed MQA solu-
tion includes the MQA greedy algorithm and the MQA divide and conquer algorithm. In
MQA greedy algorithm, both the current and the future tasks and workers are taken into
consideration to create an efficient worker and task pair that addresses the time delay is-
sue. In the MQA divide and conquer algorithm, the problem presented by the movement
of workers and a difference in the availability of workers and tasks is divided into sections.
These sections are solved separately and the results from the combined sections to provide
a recommendation for the whole issue (Cheng, Lian, Chen, and Shahabi, 2017).
On the aspect of time delay, Chen, Cheng, Zeng, and Chen (2019) note that the time
window issue includes the duration between when a task becomes available and when the
worker is allocated to the task as well as the duration between when the task is assigned
to the worker and when the worker reaches to perform the task. Taking the example of
the ride hiring application Uber, the time window issue can be classified into when a rider
requests a ride and before they are assigned a rider as well as when the duration that is taken
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by the rider to arrive at the pickup point. To address the time delay issue, Chen, Cheng,
Zeng, and Chen (2019) note the use of a threshold-based greedy algorithm as well as a
batch-based model. In the threshold-based greedy algorithm, a time threshold is assigned
to the travel time of a worker and any request for the worker is paired with the worker
that has a travel time lower than the defined threshold. The threshold-based approach also
takes into consideration the profit maximization for the client. This involves taking into
consideration the maximum cost when defining the time threshold to prevent the occurrence
of the maximum possible delay cost. In the batch-based model, the tasks and workers are
buffered to create batches where the tasks and the workers are matched from the current
batch or the previous batch. The batch-based model takes into consideration the time delay
between when a task is available in a platform and the time when the platform assigns a
worker to the task. To reduce this time delay, the batch-based model creates batches for the
workers and the task. The buffering process allows a new task to be buffered to the defined
duration and assigned to the appropriate worker either in the worker batch that arrived at
the same time or the batch of workers from the next batch. (Z. Chen, Cheng, Zeng, & Chen,
2019). Chen, Cheng, Zeng, and Chen (2019) propose the use of the Hierarchically well-
Separated Tree (HST) based solution that takes into consideration the time delay issue and
buffers a task request to enable the identification of the best worker for a task as well as the
duration that the buffering process should take. Another algorithm that can be adapted to
address the time window issue is the Hamilton Energy-Efficient Routing (HEER) Protocol
proposed by (Yi & Yang, 2016). In the HEER protocol, various clusters are formed and
the components included in the clusters are linked to a Hamilton Path, which is generated
using a greedy algorithm (Yi & Yang, 2016).
In one of the recommended solutions by Song et al. (2020), the lack of practical ap-
plicability of the solution is noted. Similarly, Yao, Xiong, Liu, and Liang (2016) note
that apart from some of the recommended solutions to address the issue of task alloca-
tion in mobile crowdsensing platforms resulting in high communication costs, they also
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have low applicability. Therefore, to address the various issues associated with task alloca-
tion in mobile crowdsensing, the recommended solutions should take into consideration the
quality-of-service of the tasks. According to Yao et al. (2016), the process of measuring the
quality-of-service of tasks involves addressing the completion time of the tasks. To address
the issue of task completion duration, Yao et al. (2016) recommend the application of the
offline activity allocation strategy and the online task allocation strategy. When compared,
the online task allocation strategy proves to be more effective since it does not require a
precalculated task allocation scheme to perform the task allocation that ensures that the
duration taken to complete the tasks is minimized (Yao, Xiong, Liu, & Liang, 2017).
In mobile crowdsensing, the tasks allocation process is affected by various factors in-
cluding the location of the workers and the tasks as well as the accessibility of the tasks.
Additionally, time-sensitive tasks that involve a deadline increase the difficulty associated
with task allocation, and this difficulty is also increased by the requirement for the defini-
tion of the trajectories of the workers. Akter and Yoon (2020) note that when addressing the
task allocation process in mobile crowdsensing, apart from considering the deadline of the
tasks, the response duration of the task has to be considered. This includes addressing the
constant movement of the workers, which results in changes in the response time (Akter
& Yoon, 2020). An example of this is seen in the ride hiring application, Uber, where
the movement of a driver changes the duration within which they can reach the platform’s
client. Taking into consideration all the different aspects involved in the task allocation
process, Akter and Yoon (2020) recommend the use of an approach that includes various
algorithms including the greedy algorithm, the genetic algorithm, and the memetic algo-
rithm to assigning the tasks. The proposed solution by Akter and Yoon (2020) not only
addresses the time window issue but also addresses the total costs incurred by workers
while performing different mobile crowdsensing activities.
According to Wu, Sun, Huang, Du, and Huang (2019), the application of various mo-
bile crowdsensing activities involves addressing the different constraints that are associated
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with the activities. In some cases, these tasks might have precedence constraints. Wu et
al. (2019) note that the completion of these activities involves the minimization of the total
execution time taken to perform the activities. An example provided on this includes the
crowdsourcing system used in Unmanned Aerial Vehicles (UAVs), which include different
tasks such as close air support (CAS), aerial refueling (AR), and even wide-area search and
destroy (WASD) (Wu, Sun, Huang, Du, & Huang, 2019). Wu et al. (2019) also state that
the different proposed solutions to address task allocation issues in mobile crowdsensing
do not take into consideration the presence of precedence constraints in some of the crowd-
sourcing activities. Additionally, a sequence for completing the precedence activities is
noted to increase the total execution time. Wu et al. (2019) propose an efficient task allo-
cation algorithm that addresses the task allocation issue including the minimization of the
execution time. The proposed algorithm involves the development of an allocation priority
sequence that takes into consideration the expected completion time of the different tasks.
Using the developed allocation priority sequence, the platform assigns the appropriate tasks
to the workers (Wu et al., 2019).
In the various applications of mobile crowdsensing, one of the issues that affect the
success of the crowdsourcing platform is task failure. An example of this can be seen in the
application of mobile crowdsensing in the ride-hiring application Uber. In the current ride-
hiring market various applications provide accessibility to the ride-hiring services. One of
the competitors of Uber includes Lyft. In some instances, when clients that require ride-
hiring services access the Uber platform to request a ride, they can complete the process,
which results in them arriving at their destination using the rider or canceling the process
and choosing to use another ride-hiring service such as the Lyft ride-hailing application.
In these instances, the crowdsourcing activities are noted to have failed. According to
Urbaczek, Saremi, Saremi, and Togelius (2020), the noted average failure ratio is 15.7
To address the issue of task failure, Urbaczek et al. (2020) propose a task scheduling
model that increases the efficiency of the crowdsourcing activities, which results in the in-
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crease of the success of the crowdsourcing tasks. The main aspects of mobile crowdsensing
taken into consideration by Urbaczek et al. (2020) involve the rewards to the workers that
complete the activities and the duration that is taken to perform the task. The proposed
model involves predicting the probability of failure of the different tasks that arrive at the
crowdsourcing platform and providing recommendations that would reduce the probability
of the tasks failing (Urbaczek, Saremi, Saremi, & Togelius, 2020). (He, Shin, Zhang, &
Chen, 2014) notes the importance of addressing the time budget issue as well as the dif-
ference in the locations of the tasks when addressing the issue of task allocation so as to
provide an optimal approach of allocating tasks to the available workers. This involves tak-
ing into consideration the spatial movements of the clients that request the crowdsourcing
activities, the geographical locations of the workers, and proposing the location ratio based
algorithm (LRBA) that solves the task allocation issue in mobile crowdsensing. Deng, Sha-
habi, and Zhu (2015) also propose an approach that can address the issue of task matching
and scheduling that can contribute to the failure of the tasks. In the study by Deng, Sha-
habi, and Zhu (2015), they note that the successful completion of spatial tasks within the
defined duration depends on whether the assigned workers are able to get to the position of
the tasks before the estimated duration of arrival expires. Therefore, addressing different
noted issues of task assignment, time window, and profits maximization can reduce the




Figure 3.1: Problem Definition
The system addressed in this problem includes different workers that complete differ-
ent tasks that are provided by a mobile crowdsensing platform. This system includes three
19
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entities which include the mobile crowdsensing platform, the workers, and the available
tasks that require to be completed. The workers who complete the tasks in the platform
are denoted by W = {w1,w2, · · · ,wn} while the tasks that are competed by the workers
are denoted by O = {o1,o2, · · · ,on}. The tasks are submitted to the platform then the mo-
bile crowdsensing platform acts as the task manager and allocates the available tasks to
the workers that are available. The workers are noted to originate from the same location.
Apart from the workers and the tasks, the profit function is also defined asp : O j → N+.
Additionally, the system also includes a minimum wage which is denoted as MW.
3.2 Problem Formulation
In crowdsourcing, the main identified issues addressed in this study include the task al-
location to the workers, the profit maximization of the workers and of the platform, as well
as the minimum wage that is earned by the workers. In mobile crowdsensing, the crowd-
sensing platform acts as the in-between the requested tasks and the workers that perform the
tasks. On one side of the mobile crowdsensing platform, there are clients that request the
different tasks from the platform, and on the other side of the platform, there are workers
that perform the requested tasks. Therefore, the problem addressed in this study involves
allocating the requested tasks to the available workers. Additionally, after performing the
tasks, there are different profits that are expected. These profits include those obtained by
the workers as well as those obtained by the platform. After the performing the task, both
the platform and the worker are able to obtain a fixed rate of profit p j when a worker com-
pletes a task o j. Therefore, when provided with a subset of orders O′ ⊆ Q, the obtained
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One of the noted aspects of mobile crowdsensing includes the definition of the time
taken by the workers to complete the tasks. This includes the duration from when the tasks
are requested by the client on the platform as well as the time that the worker takes to com-
plete the task after being assigned the specific tasks. The time taken by each worker wi to
complete a task o j will be denoted by ti, j. The total amount of time that each worker wi
can spend is bounded by Ti. Similar to the requirement profit that is required by the work-
ers and the platform, each worker requires a specified minimum income that is denoted by
Ii. The minimum income of each worker is defined to prevent some of the workers from
not getting any profits from the platform. Additionally, the minimum income also prevents
some of the workers from gaining more profits while some other workers only achieve little
to no profits from the platform. One of the objectives of the problem is to ensure that the
profit of the platform is maximized.
3.3 Proof of NP-Hardness
In some instances, there is no practical solution to the issue. An example of the this can
be seen in the instances when the desired minimum income Ii is too high or the total time
taken by the worker Ti is too low. In other instances when the task assignment for each
worker is able to meet the defined constraints there is a feasible solution. This confirms
that the issue is NP-Hard.
Chapter 4
Proposed approach
In the identified problem, the required solution involves ensuring that the defined mini-
mum wage that is earned by the workers is maintained, assigning the tasks to the workers,
and ensuring that both the workers and the platform attain maximum profits within the
provided time window. The proposed solution includes the following algorithms:
4.1 Algorithm 1
In the first algorithm of the proposed solution, the initial step is to get the different re-
quired parameters from the user. The included parameters include the different tasks that
are needed to be performed, the number of available workers that will be assigned the avail-
able tasks, the minimum wage that is required for the workers to ensure they profit, and the
durations that are needed to complete each of the identified tasks. The proposed solution
then conducts two calculations simultaneously. These calculations include identifying the
duration necessary to finish the tasks assigned to workers and running the Knapsack algo-
rithm to allocate the provided tasks to the available workers. Completion of the allocating
of tasks to the workers and calculating the duration it will take to complete the assigned
tasks, the solution proceeds to check whether the different identified solutions met the re-
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quired minimum wage that is defined for the workers. When the identified solutions do not
meet the required minimum wage conditions, then the algorithm will not continue to exe-
cute and this results in the end of the execution of the algorithm after the program prints out
a message to the user to change the provided the minimum wage to a lower value to ensure
that all the tasks have been allocated to the workers. If the assignment of the tasks to the
available workers meets the required conditions for the minimum wage then the algorithm
proceeds to execute. In the next phase of the algorithm, the program proceeds to check
whether all available tasks have been assigned to the workers. If some of the tasks have not
been assigned, the algorithm proceeds to allocate the tasks to the workers that have the least
expected profits. In instances when all the workers have the same least expected profits, the
algorithm proceeds to check the workers that have the least number of tasks to complete
and assigns the tasks to them. In the instances when all the tasks have been assigned, the
algorithm proceeds to update the time taken to complete the tasks. After updating the time
required to complete the tasks, the algorithm prints the tasks for each worker, the profit that
each worker will earn after completing the tasks, and the time that the worker will take to
complete the tasks. The performance metrics, which include the average maximum profit
that is attained by the platform as well as the average deficit are also included in the outputs.
Printing these outputs results in the execution of the program ending.
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Figure 4.1: Flowchart for Algorithm 1
Figure 4.2: Pseudocode for Algorithm 1
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4.2 Algorithm 2
The second algorithm of the proposed solution involves assigning the available tasks to
the workers, checking whether the minimum wage conditions for the workers have been
met, as well as checking whether the time condition has been achieved. After the program
is started, the initial process is to acquire the necessary parameters from the users. The
essential parameters in the second algorithm include the different tasks that should be to be
performed, the number of available workers that will be assigned the available tasks, and
the minimum wage that is required for the workers to ensure they profit after completing
the tasks. Additionally, the different durations that are required to complete the available
tasks are also required inputs for the algorithm as well as the time condition. The algo-
rithm then proceeds to run the Knapsack algorithm that allocates the available tasks to the
available workers and calculates the needed duration to complete the required activity for
the workers. After that, the program uses the time condition to check whether the available
time is enough to allocate all the available tasks to the available workers. When time is not
enough then this is the instance when the program continues to exit and print the alert to
the user to modify the time condition. If there is enough time, then all the tasks will be
assigned and the program progresses. If enough time has been determined to be available
to have all the tasks assigned to the workers, the program proceeds to check whether the
minimum wage conditions for the workers have been met. If the conditions for the mini-
mum wage for the workers have not been met, then the program will proceed to allocate the
tasks to the workers, but it will also prints an alert to the users to inform the user that at least
one of the workers will earn less than the minimum condition and it will suggest to change
the minimum wage. However, if the solution meets the minimum wage solutions, then the
program prints the tasks assigned to each worker, the expected profits that the workers will
earn after completing the tasks, the required time to complete the assigned tasks, as well as
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the evaluation metrics.
Figure 4.3: Flowchart for Algorithm 2
Figure 4.4: Pseudocode for Algorithm 2
Chapter 5
Implementation and Simulation
In the proposed solution, the noted algorithms address the aspects of task assignment,
the profit maximizations for both the workers and the platforms, as well as the required
durations to complete the assigned tasks. Both algorithms require different parameters
to perform the necessary tasks. These parameters include available tasks, the available
workers, the required time to perform the assigned tasks, and the minimum wage required
for the workers. Differences between the algorithms are noted in the calculations conducted
by the algorithms. In the first algorithm, the Knapsack algorithm and the calculations for
the required duration to complete the tasks are conducted simultaneously using different
functions.
An example of the implementation process of the first algorithm includes: given the
following set of parameters. ([8, 7, 6, 4, 5, 2, 3, 3, 9],[6, 2, 1, 1, 5, 2, 1, 3, 9], 3, 16) where
[8, 7, 6, 4, 5, 2, 3, 3, 9] includes the list of the tasks to be assigned, [6, 2, 1, 1, 5, 2, 1, 3,
9] the list for the time required for the tasks, and (3,16) where 3 is the amount of available
workers and 6 is the minimum wage. Running the program results in the following alert
being printed out:
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The occurrence of the alert shows that the minimum wage needs to be reduced and in
this case, it should be lowered to 15. After modifying the MW, the following output will
be printed out:
The above result of the program includes the distribution that meets minimum wage
conditions while ensuring that all the workers are allocated a similar amount of tasks to
make the profits for the workers similar.
In the second algorithm, the Knapsack algorithm and the time calculations for the as-
signed tasks are conducted by the Knapsack algorithm at the same time. Additionally, in
the second algorithm, the time calculations are also essential aspects in the determination of
whether the minimum wage conditions for the workers have been achieved. In the second
algorithm, the algorithm checks whether the time constraints have been met. This involves
checking whether the defined time condition makes it possible to have enough time to have
all available tasks be allocated to the available workers. For instance, same list used in the
first algorithm is used again in the second algorithm with a time condition included and
defined as 9 as follows: ([8, 7, 6, 4, 5, 2, 3, 3, 9],[6, 2, 1, 1, 5, 2, 1, 3, 9], 3, 15, 9). When
the program runs the following output which includes an alert will be printed:
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The above output shows that due to the time constraints there are some tasks that will
not be assigned to the workers and in this case, the remaining task is 5. Therefore, the
user needs to increase the time condition. After increasing the time to 15, the following
output will be printed which informs the user the modify the MW in order to meet the MW
conditions.
After modifying the MW to 2, the following output will be printed:
As seen in both algorithms, the average maximum profit that is achieved by the plat-
form is the same, but the difference between the algorithms is noted in the distribution of
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After both algorithms check whether the various minimum wage conditions have been
achieved, they proceed to provide outputs for the calculations. The noted common outputs
for both the algorithms include the different assigned tasks for each worker, the profit that
they will win after the completion of the tasks, as well as the duration necessary to complete
the tasks. Both the first and second algorithms also include the performance metrics in the
outputs. Essential components of the performance metrics include the maximum profit that
is earned by the platform and the average deficit. Additionally, in both algorithms, the
overall profit for the platform is noted to be the same. A difference between the outputs
of the two algorithms is noted in the distribution of the tasks. In the first algorithm, all the
workers are assigned the same amount of tasks while in the second algorithm the use of the
time condition prevents all the workers to have a similar amount of tasks that contribute to
the differences in the profits. However, the second algorithm ensures that the overall profit
of the platform is similar to that of the first algorithm. However, in the second algorithm,
the minimum wage is changed to allow all the tasks to be assigned to the workers.
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Table 5.1: Algorithms Comparison
Chapter 6
Evaluation
A comparison has been conducted with an existing algorithm that involves the use of
the multi-knapsack algorithm.
(see Ref. htt ps : //developers.google.com/optimization/bin/multipleknapsack)
To test the multi-Knapsack algorithm the same list of variables that were used in the sec-
ond algorithm was used again in the multi-Knapsack algorithm. The list of the variables
includes: ([8, 7, 6, 4, 5, 2, 3, 3, 9],[6, 2, 1, 1, 5, 2, 1, 3, 9], 3, 15, 9). The obtained output of




The output includes the tasks for workers 1, 2, and 3 respectively. It can be noted that
worker 3 has 0 assigned task and as a result, has 0 profit.
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Figure 6.1: Performance Comparison
Figure 6.1 illustrates how the distribution of the tasks and the expected profits for the
workers was performed in the three algorithms. In the first algorithm, the workers were able
to obtain a similar number of profits and assigned tasks as well. In the second algorithm, the
distribution did not follow a consistent pattern, and the profits varied for each worker. This
was because of the presence of both time constraints and the minimum wage conditions.
Although all the tasks were assigned, the minimum wage condition had to be lowered
to ensure that the minimum wage requirement for the workers was achieved and that the
workers were able to make a profit. Using the outputs data from the first two algorithms
to compare the obtained outputs of the proposed solution to the multi-Knapsack algorithm,
we noticed one of the workers was not able to make any profit. This proves the efficiency
of the proposed solution to address the issue of profit maximization for the workers.
Chapter 7
Conclusion
Crowdsourcing involves various processes and these processes can be affected by differ-
ent issues. These issues can include task assignment, profit maximization for the workers,
clients, and the platform, as well as time window issues. While there are different algo-
rithms proposed to address the issues, they do not address all the noted issues. To address
this shortcoming, a proposed approach is noted to address the three noted issues at the
same time rather than individually. A comparison between the proposed solution and other
existing algorithms results in uneven profit distribution for the workers, where in some in-
stances some workers are not assigned tasks which results in the workers not getting any
profit or getting lower profit when compared to the other workers. The allocation of the
tasks to the workers while maintaining the minimum wage requirement and ensuring profit
maximization for the workers proves the efficiency of the proposed solution.
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